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INTRODUCTION
Submarine pipelines are frequently installed near the coastal regions for the convenient transport of crude oil and gas. For the convenience of import and export, the industrial parks located in the coastal regions are growing in scale, and as a result, the number of submarine pipeline installments is increasing as well. The submarine pipelines must be able to endure the conditions of the marine environments of installment in order for the functions to be easily conducted; thus details must be attentively considered during the installment process. Because the maintenance of the submarine pipeline is particularly difficult, the systematic review process is taken seriously during the pipeline's construction to prevent damage.
One of the main factors to consider within the design process during installment is scour. When scours localize beneath the submarine pipeline, a dynamic force is pressed onto the pipeline in the form of vibration or the pipeline undergoes self-burial as additional static and dynamic load occurs. As a result, marine pollution can occur due to pipeline failure and the cost to restore the damage would be high. In order to establish proper countermeasure steps against scour, an accurate and deeper analysis of scour is needed. There are various factors that affect scour.
In the past, the main method to predict for scour involved using the hydraulic experiment based on empirical formulas. With the development of technology, computers and numerical methods can now incorporate and run the numerical model, the statistical method, the artificial intelligence model, and the hydraulic model test altogether.
In this study, an artificial neural network is applied to the methods used to predict the scour depth caused by waves within the submarine pipeline's vicinity. The results of the hydraulic model are set as input data: (D) for pipeline diameter, (T) for wave period, (H) for wave height, (d) for water depth, the Keulegan-Carpenter number, and the modified Ursell number. These values will be applied into the RBF Algorithm-based neural network model for scour depth prediction.
METHODS
In this paper, the data from Table 1 are used for the neural networks method along with the results obtained by the hydraulic model test (Oh et al., 2002; Sümer and Fredsøe, 1990) . The measurements of the two-dimensional wave generation tank are the following: 1 m in height, 0.8 m in width, and 25 m in length.
In Table 1 , the following information are presented: D for pipe diameter, T for wave period, H for wave height, d for water depth, the Keulegan-Carpenter (KC) number, and the Modified Ursell number(URF).
The KC number and the Ursell number(URF) are defined with the following equations (1) and (2).
In the equation listed above, Um is the maximum water particle velocity on the bed in the absence of the pipe, and L represents wave length.
In the results of the previous hydraulic model test, the KC number and the Ursell number are proposed as main contributing factors to scour depth (Sümer and Fredsøe, 1990; Çevik and Yüksel, 1999) . The RBFN (Radial Basis Function Network) is applied in this paper to predict for scour depth. According to the studies conducted by Broomhead and Lowe (1988) , and Moody and Darken (1989) , the Radial Basis Functional Network (RBFN) is a network based on the radial function making much progress within similar topics of study.
Multi-layer Perception (MLP) is a network with a high classification performance level; however, a couple of its drawbacks are found in its learning time and local minimum values. In contrast, the RBFN has a higher learning speed along with a simpler constitution. Its high level of classification performance also proves to be an excellent advantage. Similar to MLP, RBFN is constructed with an input layer, hidden layer, and an output layer; its basic structures are seen in figure 1. The structure of this neural network is similar to prior neural networks while the internal functions are radically different. In the input of prior neural networks, only the vector's input pattern and the bias term were used. The RBFN incorporates not only these but its stochastic internal function provides the distribution, the average value, and the standard deviation of the given input. The RBFN consists of a number of algorithms and usually the algorithm is learned by two stages. In other words, algorithms are learned by the division of the hidden layer and the output layer (Hush and Horne, 1993) . Figure 2 shows the study of RBFN. Table 2 shows the statistical indicators used in this paper. Here, the measure value is Xi, the calculated value is Yi, the average of the measured values is Xin, the average of the calculated values is Yin , the standard deviation of the measured value is X , the standard deviation of the calculated value is Y, the number of data is N. Using the Radial Basis Function Network, the input data is constructed like the following for the calculation of the relative scour depth S/D.
Firstly, the foundational input values are set with the following independent factors: the pipe diameter (D), the wave period (T), the wave height (H), and the water depth (d); these values are combined to set the non-dimensional parameters for the KC number and the modified Ursell number, URP.
A correlation analysis was implemented on the relative scour depth based on the parameters of the input data; the high input data showed combined correlation. The parameters of the correlationships are shown in Table 3 . 
The KC, URP, and the H values that showed over 50% of correlation were focused to construct a combination of the input data. Table 4 shows the set and type of the input data used for RBFN application. The Matlab software was used to construct a model for RBFN learning and prediction.
RESULTS
Out of the 58 input data, 46 data have been chosen for training, whereas the remaining 12 were used for testing. Table  5 shows the results of the training and the prediction. The correlationship coefficient (CC) of RBFN's training results was over 0.9 for all the six model cases; the coefficient of determination (R2) was within the 0.81~0.94 range, the RMSE (Root Mean Square Error) was within 0.018~0.034, and the MAPE (Mean Absolute Percentage Error) turned out between 7.28~13.25%.
Analysis of the training result show that the Case 3 model constructed by the input data, KC, URP, H, exhibited the highest prediction. Based on even the existing results of the hydraulic model test, it can be inferred that the KC number and the URP number greatly impacts scour depth. Figure 3 and 4 show the training results for Case 1 and 3 respectively. Table 6 shows the application of the 12 data inputs that did not undergo training applied into the RBFN.
The results show that the CC for the Case 3 Model was is 0.94, the RMSE is 0.083, and MAPE is 8.37%, therefore showing an outstanding case of predictability. The accuracy of the prediction can be ranked by the following order, Case 3 > Case 4 > Case 6 > Case 5 > Case 2 > Case 1. Figure 5 shows the predicted results of relative scour depth when applied to RBFN. 
DISCUSSION
The frequently used facility for transport of crude oil or gas is the submarine pipeline. The high convenience that comes with such utility has caused the numbers of installments to increase. Because the pipeline transports substances like crude oil, damages to the pipeline can lead to marine pollution. The cost to fixing the damage and restoring the pollution is high. With scour being one of the main factors that affect the submarine pipelines, it is necessary to correctly assess and predict for scour depth before installing the pipeline.
The correlationship coefficient was over 0.9 for all the six model cases and the Case 3 model constructed by the input data.
Based on even the existing results of the hydraulic model test, it can be inferred that the KC number and the URP number greatly impacts scour depth. The CC for the Case 3 showing an outstanding case of predictability. The accuracy of the prediction can be ranked by the following order, Case 3 > Case 4 > Case 6 > Case 5 > Case 2 > Case 1 (Figure 2 and 4) .
CONCLUSIONS
In this paper, data from previous hydraulic model tests results are analyzed to deduce the parameters that affect scour formation. A correlation analysis is conducted between the deduced parameters and the relative scour depth; a set of parameters with high correlationships was constructed.
The results were inputted into the RBFN method to predict for the relative scour depth. The tendencies of the predicted results and the measured values were well simulated in the Case 3 model. In the future, it is regarded that data needs to be continuously collected for input use in order to improve the accuracy of the scour depth prediction model.
